I. Introduction
That individuals learn from their peers, neighbors or friends is an important public policy assumption that underpins, for example, public subsidies of schooling and has been hypothesized to be a significant source of economic growth (Romer, 1986; Lucas, 1993) . Quantitative evidence on the importance of learning externalities, however, is not extensive. While there are studies reporting associations between the behaviors of individuals and their neighbors, these may be wholly spurious in that they may be driven by common unobservables (Case, 1991; Evans et al, 1992) , or they may reflect, if real, peer influences that do not entail learning. The principal feature that distinguishes external effects that are due to learning from those due to mere mimicking or social pressure is that an individual's productivity, not just his/her behavior, is affected by his/her neighbor's behavior.
Just as the most appropriate test of learning by doing requires the measurement of changes in productivity, or the rewards to productivity, that accrue from experience (see, e.g., Bahk and Gort, 1993) , the identification of learning from neighbors also requires information on productivity or its rewards in addition to measures of neighbors' characteristics or behavior relevant to productivity growth. It is not sufficient, however, to find that an individual's productivity is affected by a neighbor's behavior to confirm the existence of learning from neighbors. It is possible, for example, that social pressure -by which neighbors collectively induce an individual to behave in some way -can improve that individual's productivity without any learning on the part of the individual. To test for knowledge spillovers and learning externalities requires a more precise specification of the learning mechanisms and of the production technology.
In this paper, we incorporate learning by doing and learning from others in a modified target-input model of new technology (Wilson, 1975; Jovanovic and Nyarko, 1994) . We use the model to establish and carry out tests for individual and external learning effects based on panel data describing farmer behavior and profitability at the onset of the "green revolution" period in India. This time period, when new agricultural technologies were first imported into India, is particularly useful for examination of hypotheses concerning learning -while farmers had been, prior to the introduction of new seeds, using essentially the same technology for decades, new opportunities for greater productivity arose at least in some areas of the country for the first time.
The modeling approach we take, which emphasizes the problem of deciphering the optimal management of a new technology, contrasts with the recent work by Case (1993, 1994) on learning spillovers in agriculture. In their model, estimated using data from one village in India, the technology adoption problem is one in which the profitability of adoption is uncertain and exogenous; farmers thus learn from experience about true profitability. In target-input models what is unknown and stochastic is the best use of inputs under the new technology. There are two reasons we adopt this alternative approach. First, optimal input use appears empirically to be central to farmers' concerns in environments subject to technological change and there appears to be some suggestive but direct evidence of learning about the best use of inputs from others. Table 1 reports the results from questions posed to farmers in green revolution areas, taken from three surveys carried out in two countries, on farmers' sources of information on fertilizer input use (two surveys), and on agricultural practices, the latter for farmers using new seed varieties.
In the Indian surveys, it is interesting to note that the only questions on information were about input usethere were none on the profitability of seeds. In all of these surveys, neighbors appear to be important sources of information about input use, as important as formal public information-dissemination sources.
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A second reason we adopt the target-input model is that, in contrast to models with uncertain but exogenous profits, the profitability of any new technology grows over time as knowledge accumulates. It is thus possible to test directly for learning externalities in terms of productivity, rather than by inference from farmer adoption behavior. Moreover, while it is not necessary to assume away the additional exogenous stochastic elements to new technology profitability that are emphasized in Besley and Case's framework in estimating the consequences for profitability of learning about optimal practices, doing so provides testable implications for farmer adoption behavior that are otherwise difficult to derive. In particular, we are able to derive tests of whether neighbor and own experience are perfect substitutes and whether there is efficient learning.
In section II, we set out the basic model, deriving implications for the effects of own and neighbors' experience with new technologies on profitability and on the scale of the new technology used. In section III the data are described and the estimation procedures discussed. Section IV presents the estimates of the profit functions and adoption decision rules. Evidence is first presented of the existence of spurious correlation of neighbor behavior and individual profitability in the cross-section, which is evidently eliminated using the estimation procedures employed subsequently. The profit function estimates show that new-technology profitability increases significantly with increases in both own and neighbor new-technology experience in ways consistent with the learning model -the returns to experience of both types diminish rapidly over time and at the same pace. The estimates of the adoption decision equations also are consistent with learning from neighbors, but reject a model in which the learning externalities are completely internalized. Section V presents dynamic simulations based on the estimates and calibrated from the data which show the effects of differences in farm wealth (scale) of farmers and their neighbors on the pace and magnitude of newtechnology adoption and on profits. These show that the estimates predict the well-know adoption "S" curve that has characterized new technology adoption in agricultural environments (Feder et al, 1985) and that, as a result of learning spillovers and non-exclusion, a poor farmer with richer neighbors will benefit more from the introduction of new varieties than will a poor farmer with similarly poor neighbors. Section VI contains concluding remarks.
II. Theory
To establish a framework providing empirically implementable tests of the presence of learning from others in terms of both productivity and behavior we use a modified version of the target-input model, which has been used to study information acquisition and its effects on the productivity of innovations (see, e.g.,
deciding on input decisions each year know the technology of production up to a random "target" for input use that has both a systematic and an idiosyncratic component, (ii) payoffs are decreasing in the square of the distance between actual input use and the target, and (iii) ex post each individual can observe what the target had been in each year and thus draw inferences about the systematic component of the target.
This model is particularly suitable for the study of Indian agriculture at the onset of the green revolution, when the newly-available technology was in the form of high-yielding variety (HYV) rice and wheat seeds. A well known feature of HYVs is that yields are sensitive to modern inputs such as chemical fertilizer and pesticides as well as traditional inputs such as water. Both over-and under use of these inputs can reduce yields, with the optimal level of use being influenced by region-and year-specific variables such as the quality of the soil, temperature, and the level of rainfall and groundwater. Because there is regional 2 variation in optimal input use, country-wide guidelines may be of limited value compared with local experience in raising yields. Finally, traditional varieties are generally less sensitive to the use of these inputs and, because farmers have substantial experience with these varieties, additional experience with these crops is unlikely to affect yields.
We modify the basic model to make it more applicable to the Indian agricultural context. In particular, in addition to incorporating the possibility of leaning from the experience of neighboring farmers, the (i) the scale of operation is endogenous and importantly influences the precision of new information, (ii) farmers can use two technologies, traditional and new, simultaneously, and (iii) farmers can engage in strategic behavior. To measure scale and to capture variation in the suitability of land to HYVs, we divide up 3 the farmer's land into parcels of arbitrary size (e.g., acres, hectares, decimals). The production technology 4 and information restrictions are as follows: optimal or target input use on each parcel of land i planted using the new seeds by farmer j in each period t, , is given by:
where 2 is the mean optimal use and u is an i. At the end of the harvest the set of true or ex post optimal input levels, , for each of the farmer's parcels in that year becomes known. The farmer can use this information to update his priors with regard to 7 the expected optimal input use, 2 . When the shocks are independent across space, the variance associated * with this signal is F /H . Thus, the precision of the signal, H /F , increases proportionately with the number u j t j t u 2 2 of parcels on which the farmer plants new technology seeds. If the parcel-specific s on land planted with the new technology seeds by the farmer's neighbors are also revealed to the farmer, then the signal precision in that year for the farmer will also depend on the amount of the neighbor's HYV area. However, to allow for
the possibility that information from neighboring farmers is more noisy than that from own cultivated area, we assume that for each parcel of neighbors' land cultivated with the new seeds, what is revealed is ,where the variance of neighbors' noise, . , is also known.
Given the stationarity in the distribution of the s, the time of information is irrelevant. Assuming 9 that farmer j has n neighbors, we may therefore use Bayesian updating to write where ,=1/. is the precision of the farmer's initial priors, , =1/. is the precision of the information the average of the cumulative experience of neighboring farmers.
There are three important restrictions on the profit effects of experience implied by this learning technology. First, increases in the cumulative number of the parcels planted in HYVs by farmer j up to time t and in the cumulative HYV-parcels of j's neighbors raise the profitability of j's high-yielding varieties at time t. To see this, substitute (4) into the profit equation (3). This yields a conditional (on HYV use) profit function such that, and
Second, as seen from (5) and (6), the ratio of the profitability effects of cumulative experience -measured in HYV-area -of farmer j and of farmer j's neighbors on farmer j's HYV profitability is a time-invariant constant, , /, . Finally, assuming non-zero use of HYVs , the per hectare returns to both own and neighbors' v o experience diminish over time, and at the same rate:
So far, we have assumed that the information is perfectly correlated within parcels and perfectly uncorrelated across parcels, so that the precision of the information is proportional to the number of parcels.
Similar implications of Bayesian learning arise even if there is a village-level shock to the optimal target in each year. Assuming that the year-specific common-shock variance is . , the variance of farmer j's posterior 
experience, D . Note that if the only source of uncertainty were imperfect knowledge about the profitability v 10 of HYVs as in Besley and Case (1994) , learning would not affect the growth of profits conditional on HYV use. However, in that case, shocks to profitability influence the adoption decision. This has implications for the appropriate method for estimating the profit function, as discussed below.
b. Learning and Technology Adoption
In addition to affecting the structure of the profit function, the existence of learning by doing and learning from neighbors' experience with respect to input use also has implications for adoption, i.e., the choice of the scale of H . In particular, if each farmer wishes to maximize expected discounted profits where jt * is the discount factor, then the (unconditional) problem faced by farmer j at time t is where S is the vector of experience for other farmers in j's village, and therefore we may write -jt
As is evident in equations (9) and (10) the decisions made by each farmer depend on the past planting decisions of neighboring farmers and his expectations about planting decisions in the future. Therefore, those neighbor characteristics that predict their future planting decisions will enter into the decision rules of every farmer. For example, a farmer whose neighbors have characteristics that make it likely that they will experiment with HYVs may tend to curtail his own experimentation. This is because he can realize a higher short-term return from planting the traditional variety and then shifting to the HYV when there is sufficient experience from his neighbors to make adoption directly profitable.
To capture the influence of neighbor characteristics on farmer adoption and to obtain more precise insights into how adoption is affected by learning it is necessary to characterize strategic behavior. In Expression (11) indicates that the marginal contribution to profits of the last parcel planted with HYV seeds in any period t is optimally negative. Farmers will always use more than the within-period profit-maximizing amount of the new technology. This is because of the future profit gains that accrue due to learning by doing.
Formal solution of this problem requires backward induction from the final period T.
Analytic solutions for the HYV-decision rule cannot easily be derived for t<T. However, given a value function at time t+1 and the restrictions imposed by Markov perfection, equation (11) for a farmer and his n neighbors can be solved to obtain decision rules of the form Insight into the nature of decisions made prior to period T may be gained through the examination of partial derivatives of the HYV decision rules at time T-1 with respect to the state variables evaluated at the symmetric equilibrium (e.g., A =A, S =S , H =H ). The expressions, which are complex, are contained in j jt t jt t Appendix B. However, the effects of neighbors' assets on a farmer's adoption decisions permit discrimination among three models of learning: (i) if there is no learning from neighbors (D =0), there are no effects of
neighbors' assets on any farmer's adoption decision, (ii) if a social planner decides on the planting decisions for all farmers, or learning externalities are otherwise internalized, the effect of neighbors' average assets on the amount of area planted to HYV by any farmer with n neighbors should be n times the effect of his own assets and both effects should be positive, and (iii) if, as is assumed in the model, information externalities are not internalized the effects of neighbors' assets that predict future plantings of HYV on a farmer's adoption of HYV can be negative, although the own effects must remain positive.
The negative effect of neighbors' characteristics on adoption will depend on whether the returns to The model also yields implications for the relative magnitudes of the own and neighbors' experience effects that are testable. First, if own and neighbors' experience contain the same amount of information (D =nD ) then a further restriction on behavior is implied:
That is, the relative effect of neighbors' and own experience on the amount of HYV chosen in each period is constant across all periods and is identical to their relative contribution to profits, as in (5) experience can have different effects in the decision rule than they have in the profit function is that the value function for farmer j depends on the precision of his own information as well as the precision of his neighbors' information while the profit function depends only the precision of his own information. In the presence of imperfect information, experience by j will increase the precision of j's information more than it will increase the precision of his neighbors' information while an increase in neighbors' experience will have the opposite effect. If information is transmitted perfectly then these two measures of precision coincide and thus equation (13) holds.
III. Data and Empirical Implementation a. Data
The data that we use are from a panel data set from India, the National Council of Applied Economic The specification of the conditional profit function is obtained by substituting (4) into (3). We also incorporate the possibility that a farmer's schooling may also improve productivity of the new technologies, in accord with the hypothesis of T.W. Schultz (1983) that schooling is particularly useful in decoding information in a situation of "disequilibrium":
where , is the stochastic shock reflecting, among other things, the differences between the realized optimal pjt s and actual input choices 2 . coefficients, $ and $ , for own and village experience, respectively, embody the implications of the modelot vt they thus should fall over time because experience is cumulative and, from (5) and (6), the ratio is a time-specific constant, 8 .
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We have specified the profit function (2), and its representation (15), to include a fixed effect µ . Because there is no asset accumulation in the model, the fixed effect does not influence the HYV decision net of assets. With assets endogenous, investment decisions and HYV choices are influenced by the unmeasured fixed-effect and equation (16) cannot be estimated using OLS applied to cross-sectional data. For example, farmers who are persistently more profitable, because, for example, they live in areas with better land, will
tend to accumulate more assets inclusive of land. This gives them a greater incentive to gain experience with HYVs since the returns to HYVs are increasing in land (equation (15)) and will thus affect their and their neighbors' HYV use (equation (12)). This will lead to a positive and spurious relationship between own profits and own and neighbors' prior HYV use.
We can exploit the panel characteristic of the data to both discern if there are spurious relationships and to correct them. Differencing (16) over two points in time yields which removes the fixed effect. Note that there are now four coefficients associated with the experience variables in the differenced form of (16) because the model implies that both the experience coefficients and the variables vary over time. In particular, the experience coefficients, which reflect the profitability of additional experience, diminish while experience increases over time.
In the context of the model, OLS estimation of (18) would yield unbiased coefficients, as the compound error terms associated with the differences in the period-specific discrepancies between the choices of 2 and their realizations cannot be correlated with any of the right-hand-side variables, given the independence of input-target shocks across time -H is chosen prior to any knowledge about the s. It is jt possible, however, that the differenced profit shocks (), ) may be correlated with the differenced HYV area pjt measures. First, if some component of the shock is known prior to planting then there will be a contemporaneous correlation between profit shocks and planting decisions. Second, lagged profit shocks may affect contemporaneous HYV use. For example, if the returns to HYV, net of the optimal input and observed weather shocks, are uncertain, as in Case (1993, 1994) , lagged profit shocks affect profit expectations and therefore contemporaneous adoption. This problem may be addressed using instrumental 16 variables applied to (18) -IV fixed-effects. Given the removal of the fixed-effect, the inheritance data may In addition to using standard IV fixed-effects methods to estimate equation (16), we implement a constrained fixed-effects approach that imposes and tests the equality of coefficient ratios for the experience variables (equation 17). Finally, non-linear IV fixed-effects methods are used to directly estimate the structural parameters of equation (15) by differencing over time and then using a standard non-linear IV procedure.
c. HYV cultivation Estimation of the HYV decision rule proceeds in essentially the same way as that for the linear approximation to the profit function. In particular, the analog to equation (18) is thus which includes information on village-average HYV-experience and asset changes in addition to ownexperience and asset changes. Because the HYV decision rule is likely to have a time-specific component (e.g., given learning, HYV decisions will depend on the horizon over which the farmer is discounting) a linear time trend belongs in the linear level equation and thus )t appears in equation (19) . Note that because we have not actually solved out for the decision rule, we cannot obtain measures of structural parameters using the decision rule estimates as in the case of the profit function. However, as noted, the magnitudes and signs of the estimated coefficients can be used to distinguish autarchy (neighbors' experience should not influence adoption, so that the " =0), whether own and neighbors' experience are equivalent (the relative effects of own v and neighbors's experience are the same over time and as in the profit function), and whether there is strategic behavior in the form of free-rider effects (neighbors' assets decrease own use so that ( <0).
av IV. Results
a. Profit Function Estimates and Spurious Village Effects
To obtain the estimates of the conditional profit function (equation (15) As a specification test and a check on the ability of the differencing and instrumental estimation procedures to eliminate (and not cause) any spurious correlation of village (minus respondent) and individual variables, we first estimated the profit function for farmers not planting HYV seeds, using only the thirdround cross-sectional data. For such farmers, the prior HYV acreage and experience of their neighbors using HYV seeds should be irrelevant to profitability, based on traditional cultivation, whatever the true model underlying the transfer of knowledge of new technologies. If, however, high-profit areas are also areas in which farmers tend (not) to adopt HYV seeds, then it is possible to find a purely spurious positive (negative) correlation between past HYV use among village neighbor farmers and the profitability of non-HYV-using farmers. Table 2 reports in the first column the cross-sectional estimates of the profit function based on the sample o f traditional-technology farmers. The positive and (marginally) significant coefficient for the village-level HYV-experience variable suggests the importance of area-specific unobservables -farmers who are not using HYV seeds apparently benefit from having neighbors with HYV experience. And, indeed, consistent with this result being entirely spurious, use of the fixed effects procedure eliminates the association between the village-level variable and farmer-specific profits -in the second column, estimates of the differenced profit function (fixed effects) are presented, on the same sample of farmers, but also excluding any who had cultivated with HYV seeds in the second year. With the fixed effect removed, the relationship between neighbor HYV experience and the profitability of traditional seeds is no longer positive nor significant. Finally, columns three and four report estimates using the FE-IV procedure based on the same sample as in column two, the last column including as well the prior-period experience variable suggested by the model. The use of instruments, while affecting the coefficients on the asset variables, do not substantially affect the estimated coefficient for the village-experience variable estimated using fixed effects alone.
The results in Table 2 suggest that, based on the FE-IV estimates, there is no positive relationship between the profits of traditional farmers and the experience of their neighbors with the new-technology seeds. If there is learning from neighbors, such experience should be relevant, however, for farmers using the new seeds. The HYV-conditional profit estimates (equation (15)) for the sample of farmers using HYV seeds are presented in Table 3 . In the first-column estimates, which assume that there are no village-level effects of experience, there is evidence of learning by doing -both the $ and $ coefficients, which reflect the effect ot ot-1 of the farmer's own experience with HYVs on the current return to HYV cultivation, are positive and statistically significant. Moreover, as predicted by the model, the returns to experience diminish over time.
The average area under HYV cultivation for an HYV-using farmer in the second period was .12 hectares; the coefficient for own experience in period 2 ($ ) of .754 thus implies that a doubling of experience (from .1 to ot-1
.2 hectares) in that period would result in a 905 rupee or 21% increase in mean profits. The coefficient for period 3 is substantially smaller as predicted by the model; however, the fact that by the third year the average cumulative area already cultivated under HYV was .12 hectares and average HYV area cultivated in the third year was .43 hectares, implies that a doubling of HYV experience in the third period would increase profits by approximately the same magnitude (938 rupees or 22%).
The estimates from the specification allowing for both own-and village-level experience effects are reported in column two of Table 3 . The estimated effects on HYV profitability from increases in the experience of the village farmers, controlling for own experience and the fixed effect, are consistent with the hypothesis of learning from others -these, like the own experience effects, are positive and significant and diminish over time. The own estimates suggest that a doubling of own experience in each of these periods results in a 39% and 36% increase in profits, respectively. Interestingly, the village experience effects on HYV profitability are similar in magnitude to the own effects, with the ratio of the two coefficients (and thus an indirect estimate of D /D ) being 1.2 and 1.8 for periods 2 and 3, respectively. Thus either households v o make use of information from only a couple of neighbors (n is small) or if the experience of many neighbors is used by a farmer, the value of experience on others' farms is considerably less than the value of own experience.
Inclusion of the neighbor experience variables increased the size of the estimated effect of ownexperience in both periods 2 and 3 compared with the first-column estimates. This suggests that, net of individual (and therefore village) fixed effects, own and village experience are negatively correlated. This result is consistent with the notion that certain characteristics may have opposite effects on own and neighbor's usage, a result that will be readily apparent below.
An important implication of the learning model is that, although the relative contributions to newtechnology profitability of own and neighbors' experience may differ in each period, the diminution in the profitability of HYVs from additional experience should be the same for own and neighbor's experience. A test of this hypothesis (which is non-linear in the estimated coefficients) was carried out and not rejected (p=.11). To obtain a more precise estimate of the decline in the returns to experience we thus estimated a third model that imposes this constraint. The non-linear constrained estimates are presented in column 3.
These provide a direct estimate of the 8 ratio in (17) for both own and neighbors' experience across the pt second and third years. The point estimate is 4.33, suggesting that the effects of experience with the new technology on the profitability of the new technology fell rapidly over time as more experience was acquired.
The other coefficients for the first three models are broadly similar across specifications; we focus attention on the statistically and theoretically-preferred third-column estimates. The coefficients measuring the profitability of HYV seeds relative to traditional seeds, although they are not precisely measured in the third specification, suggest that such seeds were not profitable for a totally inexperienced farmer with no The other model coefficients appear to be reasonable. The effects of equipment and animals on profitability are positive, with the former being strongly significant. The negative (but insignificant in the preferred specification) effect of irrigation assets is surprising, but it is worth noting that the average of the asset coefficients, which measures the average effect of an addition rupee of asset stocks on annual profits, is .80, which is significantly different from zero (p=.03).
Given that the linear models yield conclusions that are broadly consistent with the specific structure of the profit function that was assumed in section 1, we used non-linear IV fixed-effects to estimate the exact Table 4 . The estimates in the first column, based on a specification in which village-level experience effects are excluded, indicate that, consistent with the model and controlling for the fixed effect, farmers having more prior experience with HYV seeds tend to use more of the new seeds in the current period. The point estimates, which are statistically significant, suggest that in year 2, an increase in prior experience from .1 hectares of HYV cultivation to .2 would have resulted in a .08 hectare (68.5%) increase in HYV use in that period. The effect in year 3 is larger, with the same increase in experience resulting in a .098 hectare increase, although the higher average HYV use in that period means that the percentage increase would be smaller (22.6%). The fact that the experience effect on the use of HYV does not fall over time, even though the contemporaneous profitability effects of experience diminish over time, is not surprising: unlike in the case of the HYV-conditional profit function, the model does not yield clear predictions about how experience effects on adoption will change over time. Experience effects on adoption may increase over time, for example, if the effects of experience on the cost of learning (i.e., the cost of planting more HYV than would be dictated by equating the marginal profitability of HYV and traditional crops) dominate those arising from the diminishing returns to experience given adoption.
The inclusion of the neighbor experience and asset variables, reported in column two of Table 4 , results in a reduction in the coefficients on own experience, although these effects are still positive and significant. Although neither village-level experience coefficient is precisely measured, both effects are positive, as expected. Interestingly, the set of own and neighbor experience coefficients is consistent with the hypothesis that neighbors' and own acres are equally valuable in augmenting information (13), as the change over time in the effects of each type of experience is the same statistically (p=.165). This constraint is imposed, for efficiency, in the final specification, the estimates from which are reported in the third column.
In this specification, the coefficients on the own and village-level experience variables are both significantly different from zero. For the HYV-decision rule the estimated ratio of period 2 to period 3 effects, 8 , is ht .78<1, indicating that the effect of an additional hectare of experience was greater in the third period than in the second period.
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An additional implication of the equivalence of own and neighbors' experience is that, as indicated in equation (13), the ratio of the coefficients of own to village average experience (" /" ) should be the same as ot vt the ratio of the own and village experience ($ /$ ) coefficients obtained from the profit function. The ot vt estimated ratios are remarkably close -The $ ratio computed from the linearized profit function estimates (Table 3 , column 3), is 1.8 while the ratio of the experience (") coefficients, from the third column of Table   4 , is 1.7.
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The estimates of the effects of own and neighbors' assets on HYV use also are supportive of the learning-from-others model, and suggest that learning externalities are not internalized by the village. In particular, each of the own-asset effects is positive while each of the neighbors'-asset effects is negative. With the exception of the own-asset effect of irrigation and the neighbors'-asset effect of equipment, the estimated coefficients are also significantly different from zero at the 5% level or better. Using the average coefficients for own assets, an increase in 1000 rupees in the stock of assets owned by a farmer yields a .13 hectare increase in HYV adoption. By contrast an increase of 1000 rupees in the average stock of assets owned by neighbors results in a .10 hectare decrease in HYV adoption. While the model does not rule out the possibility that an increase in own and neighbors' assets increase adoption (i.e., there are increasing returns to experience), these estimates are clearly inconsistent with a model in which there is coordinated decisionmaking on the part of the village--under such circumstances own and village assets should have the same effect on adoption.
V. Simulations Based on Estimated Parameters and Calibration
The HYV-decision rule and profit-equation estimates can be combined with additional information to describe the dynamics of profit growth and new-technology adoption implicit in the learning model. They can also be used to assess the consequences for technology adoption of changes in the distribution of assets. In particular, they permit an assessment of whether the estimated parameters yield an S-curve for adoption and whether the existence of learning from others matters for the temporal patterns and profitability of new technology adoption.
Although the estimates in Tables 3 and 4 provide most of the information necessary to carry out dynamic simulations, some additional information is needed. First, it is necessary to make some assumption about how the level of assets owned by households accumulate over time. This was done by fixing the savings rate, based on detailed savings data available in 1971, at .204, the ratio of net savings to profits among cultivator households. Similarly, gross cropped area (1.9) is based on its 1971 value.
Second, because fixed-effects methods were used to estimate the profit functions and HYV decision rules, no estimates are available for the constants. These were therefore calibrated along with the initial stock of assets by selecting values, given the parameters estimates from Tables 3 and 4 were as follows--the constants in the profit and HYV equations were computed to be 1428 and -.166, respectively, and the initial stock of assets was found to be 1561 Rs.
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One final problem for simulation arises from the implication of the model that the effects of experience are not necessarily constant over time and we estimate parameters pertaining to only two periods.
Diminishing returns to experience in profitability is an implication of the model and was confirmed by the profit-function estimates. However, that we directly estimated the structure of the profit function implies that the relationship between experience and profitability can be computed at any point in time. This is clearly not the case for the decision rule where the complex nature of the problem precludes direct estimation of the structural parameters. The coefficients for the adoption equation are thus specific to the second and third years of adoption experience. In order to predict adoption in the fourth or fifth the year of the program, therefore, some plausible rule must be used to select the appropriate coefficients.
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Fortunately, and in contrast to the linear estimates of the profit function, it does not appear that the experience coefficient in the adoption decision equation in the relevant period is changing very much. The estimate of 8 of .78 reported in Table 4 for years two and three is not significantly different from one at ht conventional levels (p=.21). Assuming that this relationship continues after the second and third year, it is possible to compute experience coefficients for subsequent years by dividing by this estimated ratio. Thus, for the purposes of the simulation we assumed that " =" /8 and " =" /8 for the own and village effects of ot o0 vt v0 t t information, respectively, on HYV use in period t. We also imposed the constraints that HYVs acreage 27 should not fall below zero and should not exceed the point at which land is sufficiently unsuited to HYV that, even under perfect information about 2 , the traditional varieties would be more profitable at the margin than * would high yielding varieties.
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The importance of learning and learning-spillover effects for the profitability of HYVs are illustrated in Figure 1 , which plots, for different rates of experimentation, the growth in HYV profits per hectare relative to traditional-variety profitability on land that is well suited to new varieties. The dotted line shows profit growth when a constant amount of HYV (.1 hectares per period) is grown each period. This shows the diminishing returns to learning in terms of per-hectare profitability. In particular, during the initial period when farmers have no experience with the new varieties, per hectare profits are actually negative (-829 Rs).
The first .1 hectares of experience raises the profitability 1014 Rs so that HYVs yield positive profits in the second period, although profitability is less than that of traditional varieties (1136 Rs). The increment to profitability for the second period is only 543 Rs, however, and between the fifth and sixth periods profits increase by only 168 Rs, although by this point HYVs yield higher profits than do traditional varieties.
By contrast when the rate of planting changes optimally with experience, given the estimated adoption rates of the model, profitability increases dramatically between the third and fourth years. Even if only the profitability effects of own experience are considered, profits increase by 667 Rs between periods 2 29 and 3 and by 1185 Rs between periods 3 and 4. Profitability increases even more rapidly when both own and neighbors' experience effects are allowed to affect learning -HYVs become more profitable than traditional varieties almost a year earlier than they do when only own experience affects learning.
To assess the relative importance of own and neighbor learning effects on the temporal patterns of there is a small increase to .036 hectares. Over the next two periods, the amount planted to HYVs increases by .137 and .441 hectares respectively. By the fifth period all land suitable to the cultivation of HYVs is planted to these varieties and there is no subsequent increase in adoption.
The simulations also indicate that the rate of adoption is importantly influenced by the production wealth (operation scale) of a farmer and his neighbors. In particular, holding constant the wealth of a farmer's neighbors, a difference in 400 Rs (29%) in a farmer's initial asset stock results in a more than three-fold increase in adoption by the third year. Consistent with the finding that wealthier farmers adopt more rapidly and that learning externalities are not internalized in the village, the simulations also indicate that poor farmers with wealthy neighbors are slower to adopt than are those with poor neighbors. In particular, the simulations suggest that a farmer whose average neighbor has an initial asset stock of 1761 Rs does not adopt at all until the third year, although he catches up quite rapidly after that. This catch-up reflects the fact that a farmer who is able to initially rely on his neighbors to undertake experimentation when it is costly (because little experience has been accumulated) will be subsequently wealthier on average then a farmer who has to rely on his own experimentation.
The simulation results indicate that overall gains to profits associated with the adoption of highyielding varieties, which depend on both profitability per hectare and the amount of the crop that is adopted, are modest, given the evident initial losses that must be sustained in order to benefit from the new technologies. The simulations in Figures 1 and 2 indicate that a poor farmer with poor neighbors experiences cumulative profits over an 8-year period following the introduction of the new varieties that are only 7.4%
higher than those he would have earned staying with traditional varieties. If the poor farmer has wealthier neighbors so that own experimentation can be reduced, however, the relative increase in profits from adopting the new varieties rises to 9.6%. The effects are comparable for the better-off farmers.
VI. Conclusions
In this paper we have used a model that incorporates learning by doing and learning spillovers to derive implications for the adoption and profitability of new technologies. Household-level panel data from a nationally representative sample of rural India have then been used to test the main implications of the model as well as to assess the magnitudes of learning spillovers, the extent to which potential learning externalities are internalized, and the implications of these effects for the level and distribution of benefits associated with new technologies.
The primary conclusions of the paper are as follows. First, the estimates indicate that imperfect knowledge about how to use new varieties is a significant barrier to the adoption of these varieties. The fact that own and neighbors' experience influence profitability net of the adoption of HYVs in addition to affecting the rates of adoption suggests that experience effects operate, at least in part, by augmenting the ability of farmers to make appropriate decisions about input use for the new technologies. The rapid decline over time in the effects of experience on profitability indicates, however, that the importance of this barrier substantially diminishes in the first few years of use as experience increases.
Second, we find evidence of learning spillovers. We find that farmers with experienced neighbors are significantly more profitable than those with inexperienced neighbors and, consistent with this result, that the former are likely to devote more of their land to the new technologies. The magnitudes of the effects indicate that a given increase in average experience by a farmer's neighbors increases profitability by almost twice as much as the same increase in own experience. The fact that the effects of own and neighbors experience on profitability decrease at the same rate between adjacent periods, as predicted by the model, provides further support for the notion that village experience, as with own experience, operate through its effect on knowledge about the correct management of the new varieties.
Third, the estimates indicate that the spillover effects associated with learning from others are small but not unimportant. In terms of adoption, the estimates indicate that a 29% increase in own initial assets advances the rate of adoption by about a year and that this results in a somewhat smaller reduction in the rate of adoption on the part of neighbors, who curtail their own costly experimentation. The effects of neighbors' experimentation on the profitability of HYVs is also significant, resulting in a decrease by about a year in the time at which the profitability of HYVs exceeds that of traditional varieties. The overall effects indicate that total profits over an 8-year period following the introduction of HYVs are 2 percentage points higher when one has neighbors with 29% higher initial assets.
The finding that net of own and neighbors' experience, own and neighbors' assets have opposite effects on adoption indicates that farmers tend to free-ride on the learning of others. Given that optimal learning requires that the marginal profitability of HYVs relative to the traditional crop be negative, a farmer can reduce his losses in a given period if he can rely on his neighbors to gain the relevant experience and then increase his use of the new technology as it becomes more profitable. These results suggest that information on the management of HYVs within the village is not excludable: if information gained by one farmer could be kept from other farmers, then a market for information could arise that compensated farmers for experimentation that benefitted other farmers. The results also indicate that there is not sufficient 31 coordination of HYV adoption within the village to generate levels of learning that are socially efficient.
Thus, these results provide some support for public efforts to increase adoption through subsidies to early adopters. MH jT 1 
and where We assume that interior solutions obtain in each period and restrict attention to equilibria that are stable.
Second order conditions imply that and thus, since neighbors' experience is no more efficient than own experience , /n, 1, 
former effect is likely to be present if experience is low while the latter is likely if experience is high.
The ratio of neighbors' to own experience effects may be written
In the special case that information from neighbors is equivalent to own information, , =n, , the estimated , Absolute asymptotic t-ratios derived from Huber standard errors in parentheses.
b Table 4 Determinants of HYV Use With a suitably small choice for area units the error associated with this approximation falls to zero.
We have assumed for simplicity that the input is costless. If the input price were p, then the ex ante optimal 6 and profits would include additional terms in . The exclusion of p has no consequences for the implications derived from the profit function relations in (3), derived below, but would complicate the decision rules for H. This is because an individual with a history of shocks signaling low expected target use will anticipate a higher return to HYVs than an otherwise identical individual whose experience suggests high target use. Although incorporating this effect would substantially complicate the theory, because follows a random walk it would have only minor implications for the empirical implementation given our use of fixedeffects methods.
Note that the information generated by a parcel sown to HYV is independent of the input decision. This 7 Footnotes *The research in this paper is supported in part from grants NIH, HD30907, and NSF, SBR93-08405. We are grateful to the referee and to participants at seminars at Chicago, Columbia, IFPRI, Michigan State, Northwestern, and Princeton.
implies that there is no return to input experimentation; i.e., conscious variation across plots in a given year in input use. This assumption simplifies the input decision, which depends only on current expected profits and the information structure.
Note that since each neighboring farmer's choice of the ex ante optimal input reflects that farmer's history of 8 target realizations, the set of these actual neighbor inputs are sufficient statistics to farmer j for his neighbor's prior experience and could be used instead of the full history.
We exclude the possibility that farmers tend to forget experience over time.
9
Note that the value of D depends on both the number of neighbors and the relative precision of information 10 v obtained from their experience; however one cannot distinguish a situation of many neighbors with imprecise information from one of few neighbors with precise information using estimates of the profit function.
See Fudenberg and Tirole (1991) . The key feature of a Markov perfect equilibrium is that choices can only 11 depend on past behaviors to the extent that these behaviors influence the potential payoffs and/or choice sets of the players. Thus the only variables summarizing the history of play that influence the value function at time t are S and S because past HYV use only affects payoffs through its effects on the subjective jt -jt distribution of 2* for each farmer. Note that this solution concept effectively rules out the use of multi-period penalties that could in principle be used to support efficient HYV decision-making from the perspective of the community. Besley and Case (1994) also use this solution concept.
It may be shown that
12
Note that for small (large) S the returns to experience are increasing (decreasing) in experience. Although jT greater experience decreases the returns to future experience given the choice of HYV area it also increases the return to planting HYVs in that period which, in turn, raises the returns to experience.
In these villages 80% of the cultivators were growing either wheat or rice.
The 1968-69 crop year was marked by extremely poor weather. This evidently had an effect on the 14 following year's planting decisions. The possibility of prior weather shocks influencing HYV choice, although not explicitly modeled, is taken into account by the estimation procedure we use, as described below.
Note that equation (15) be used to distinguish the two models. However, with only three years of HYV data and thus only two years over which experience effects can be estimated, the two models cannot be distinguished using linear methods.
The reason is that the differenced linear approximation given village-level shocks that is analogous to equation (16) has essentially the same specification: i.e., it includes cumulative own and neighbors's experience for each of the previous two years and yields the same predictions with regard to the ratios of these coefficients.
In addition, the existence of borrowing constraints creates a correlation between contemporaneous HYV 16 decisions and past input and weather shocks. Moreover, if capital accumulation is allowed and is also creditconstrained, then A and ), will also be correlated.
jt+1 pjt
We exclude the use of H as an instrument because some component of the profit shock (e.g., the timing of 17 jt the monsoon) may be known at the time that H is chosen.
jt All of these farmers grew wheat or rice in the 1970-71 crop year, for which we have crop data. 70% of these 18 grew wheat with almost half of the wheat-growing farmers also growing rice. The data do not provide cropspecific profit and input information.
As a result of differences in agro-climatic conditions, there was substantial variability across India in the 19 suitability of HYVs during the initial stages of the green revolution. Because our model implies that HYVs will only be used when, under optimal use, they are more profitable than traditional varieties, we limit our analysis to villages in which at least one household used HYVs in the third year of the study the implications of this figure may be gained by noting that if adoption were proportional to experience (8 =1 ht and no constant term) then HYV-acreage would exhibit exponential growth. The fact that this coefficient increases over time suggests that growth will be more than exponential in the initial stages of adoption.
As discussed in the appendix, however, the fact that this ratio is somewhat less than that observed for 22 profits is also consistent with a model with imperfect information in which there are diminishing returns to experience. In either case, the similarity of these results provides good support for the central premise of the model, that own and village experience affect HYVs only through their effect on current and future profitability. If, for example, adoption decisions were driven by rules of thumb or peer-group effects then one might expect a much greater effect of village relative to own experience on adoption than on profitability.
This interpretation of the results assumes that the social planner can reallocate variable assets across land in 23 the same village. A more restricted model planner would allow these assets to be used only on the land owned by the farmer in question. Under these circumstances own and neighbors' assets may have different effects on the level of HYV acreage by differentially affecting gross cropped area for the different farmers. The effect of an increase in own and neighbors' assets on the share of gross cropped area allocated to HYVs should nonetheless be the same for all farmers in the same village. Thus, HYV decision rules using the share of area devoted to HYVs as the LHS variable were also estimated. The hypothesis of equal own and neighbor effects was also rejected under this specification (P=.011), with the own and neighbors' asset effects having opposite signs for each asset.
Assuming that the HYVs first became available in the 1968-69 crop year, the figures in 1971 reflect the 24 third year of experience. In addition to providing a systematic way of selecting these constants, benchmarking using the figures from the data is important because the linear approximations of the decision rule may yield inaccurate predictions if they are used to extrapolate well beyond the range of the data used for estimation.
1971 figures was used rather than, for example, 1968, because information on asset stocks was only available in 1971 and because, as the final period of the data, the use of the 1971 data minimizes the extent of extrapolation used in computing HYV usage for subsequent years.
This figure reflects only variable assets. Assets that are fixed over time enter, in effect, through the constant 25 in the profit equation.
Coefficients on experience for the first year are also not available in Table 4 , but this presents no problem 26 because experience with HYVs is taken to be zero in that period.
An alternate approach is to use the fact that 8 is not significantly different from one to assert that the A is gross cultivated area.
These simulations refer to an uneducated farmer with an initial asset stock of 1561 Rs.
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The simulations are carried out assuming that the farmer has no primary schooling, as is the case for the 30 majority of farmers. Simulations assuming that the farmer has primary schooling yield broadly similar results, the main difference being that the initial profits associated with adoption on the most suitable acreage are positive in that case.
The resulting market would not, in general, yield efficient outcomes because, in the context of our model, 31 information on HYV use is nonrival as well as nonexcludable. See, Romer (1990) for a discussion of this distinction.
